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Abstract

Tabular data, widely used across industries, remains under-
explored in deep learning. Self-supervised learning (SSL)
shows promise for pre-training deep neural networks (DNNs)
on tabular data, but its potential is hindered by challenges
in designing suitable augmentations. Unlike image and text
data, where SSL leverages inherent spatial or semantic struc-
tures, tabular data lacks such explicit structure. This makes
traditional input-level augmentations, like modifying or re-
moving features, less effective due to difficulties in balanc-
ing critical information preservation with variability. To ad-
dress these challenges, we propose RaTab, a novel method
that shifts augmentation from input-level to representation-
level using matrix factorization, specifically truncated SVD.
This approach preserves essential data structures while gen-
erating diverse representations by applying dropout at various
stages of the representation, thereby significantly enhancing
SSL performance for tabular data.

Introduction

Tabular data, organized in rows and columns, is widely used
across various fields including finance, healthcare, and mar-
keting. Despite its prevalence, deep learning research has
paid less attention to tabular data compared to areas such
as computer vision and natural language processing (Chen
et al. 2020; He et al. 2020; Grill et al. 2020).

Recently, self-supervised learning (SSL) has emerged as a
promising pre-training method for tabular data (Popov, Mo-
rozov, and Babenko 2019; Borisov et al. 2022; Yan et al.
2023; Lee et al. 2024). SSL enables models to extract mean-
ingful features and patterns from unlabeled data, which
can then be leveraged for various downstream tasks. Many
SSL approaches rely on contrastive learning, which employs
data augmentation to introduce diverse variations of the in-
put data, enabling models to learn more robust representa-
tions (He et al. 2020; Oord, Li, and Vinyals 2018; Onishi
and Meguro 2023). This technique encourages the learning
of robust and generalizable representations by making mod-
els invariant to specific transformations while preserving es-
sential information.

Applying SSL to tabular data is challenging primarily
due to the difficulty in designing effective data augmenta-
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tions. Unlike images or text, which have clear structures
that make generating augmentations easier (e.g., cropping
or rotating for images, manipulating semantic structures for
text), tabular data lacks inherent positional or spatial rela-
tionships (Yoon et al. 2020; Somepalli et al. 2021; Margeloiu
et al. 2024). In addition, the heterogeneous mix of data
types, arbitrarily ordered columns, and complex feature cor-
relations further complicate this problem (Popov, Morozov,
and Babenko 2019; Borisov et al. 2022; Yan et al. 2023;
Margeloiu et al. 2024; Onishi and Meguro 2023).

Despite the lack of inherent relationships in tabular data,
most previous studies have focused on defining augmenta-
tions at the input level (Somepalli et al. 2021; Darabi et al.
2021; Bahri et al. 2021; Arik and Pfister 2021), such as mod-
ifying or randomly removing selected features. While these
augmentation methods are straightforward, they might risk
corrupting crucial patterns or generating unrealistic data.
Consequently, traditional input-level augmentations can un-
dermine the effectiveness of SSL in the tabular domain.

To address these challenges and advance SSL for tab-
ular data, we introduce a novel augmentation method,
RaTab (Representation-space augmentation for Tabular
data). RaTab incorporates two key innovations. First, instead
of performing augmentation in the raw input space, which
often involves complex and difficult to manage relationships
between variables, RaTab shifts the augmentation process to
the representation space. In this space, the model has trans-
formed the raw features into a more structured and organized
form, making it easier to manage and augment (Margeloiu
et al. 2024). Second, RaTab uses truncated SVD within the
representation space to capture the essential structures in the
data. This method has been adopted owing to the promis-
ing results from unsupervised feature selection techniques,
where matrix factorization has been shown to effectively
preserve crucial information and identify underlying pat-
terns in the data (Cai, Zhang, and He 2010; Wang et al.
2015; Shi, Du, and Shen 2017). By applying the truncated
SVD technique to the encoder’s weights, RaTab can effec-
tively identify and preserve important patterns and relation-
ships within the tabular data, which might be difficult to cap-
ture in the raw input space. Additionally, to further enhance
the diversity of these views, we incorporate dropout tech-
niques (Gao, Yao, and Chen 2021). This combination allows
RaTab to fully leverage the representation space, focusing



on crucial data structures while simultaneously increasing
the diversity of augmented views, ultimately improving SSL
performance on tabular data.

Our main contributions can be summarized as follows.
First, we introduce RaTab, a novel representation-space aug-
mentation method designed to effectively leverage the com-
plex relationships inherent in tabular data. Second, we val-
idate the effectiveness of our method through extensive ex-
periments on 13 public tabular datasets, encompassing the
classification and regression tasks. Finally, we show that
RaTab consistently outperforms both existing deep-learning
approaches and tree-based algorithms.

Related Work

SSL has been applied to tabular data primarily through two
prominent techniques: autoencoding and contrastive learn-
ing. Autoencoding approaches (Yoon et al. 2020; Huang
et al. 2020; Majmundar et al. 2022; Lee et al. 2024) fo-
cus on reconstructing samples from corrupted versions, aim-
ing to learn robust features adaptable to the heterogene-
ity of tabular data. These methods employ objectives such
as corruption detection or prediction of binning informa-
tion as pre-text tasks. On the other hand, contrastive learn-
ing (Bahri et al. 2021; Ucar, Hajiramezanali, and Edwards
2021; Yoon et al. 2020; Wang and Sun 2022; Darabi et al.
2021; Somepalli et al. 2021) maximizes the similarity be-
tween augmented views of the same sample while mini-
mizing similarity to others, using strategies like masking
or feature cropping to define positive and negative pairs.
VIME (Yoon et al. 2020) utilizes this augmentation to de-
velop pre-training tasks, such as reconstructing the original
features and predicting the mask vector from the masked
features. In contrast, SCARF (Bahri et al. 2021) employs
contrastive learning by comparing the original data with the
corrupted version. SubTab (Ucar, Hajiramezanali, and Ed-
wards 2021) and Transtab (Wang and Sun 2022) propose a
different data augmentation approach, which involves par-
titioning the input tabular data into several subsets. Con-
trary to approaches that augment views in input space, our
approach augments in latent space to address the hetero-
geneity and lack of clear structure in tabular datasets. Con-
trastive Mix-up (Darabi et al. 2021) takes a different ap-
proach, employing manifold mix-up to generate two dis-
tinct data views for contrastive learning purposes. Similarly,
SAINT (Somepalli et al. 2021) utilizes cut mix and manifold
mix-up to create diverse data views, which are then used for
contrastive learning. In this study, we define positive pairs
using top singular vectors of the representation space.

Methods

We propose RaTab, a novel augmentation technique that
generates augmented representation for use in contrastive
SSL for tabular data. As illustrated in Figure 1, the overall
process of our method comprises an encoder, decoder, and
projector, which work together to learn informative repre-
sentations for the tabular data.

As illustrated in Figure la, the input data x; is mapped
to the representations z; through the encoder network fy.
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To generate a positive view z,g; of the representation z;,
we apply RaTab augmentation, as shown in Figure 1b. The
original representation z; = fen(2;) and its augmented ver-
Sion zug; are then passed through the projection head hypy
to compute the contrastive loss, which captures the similari-
ties between z; and 2, ;. Simultaneously, z; is also fed into
the decoder gq. to calculate the reconstruction loss, ensuring
reconstructions from the original representations. After the
SSL phase, we retain only the encoder f., for fine-tuning.
The detailed steps of the whole process are outlined in Al-
gorithm 1.

RaTab: Representation Space Augmentation for
Tabular Data

The augmentation process initiates with the extraction of
weights W from the final layer of encoder f.,. The encoder
incorporates dropout, introducing minimal diversity to rep-
resentations.

The extracted weights are then decomposed using SVD:

w=vzv” (1)
where U and V' are orthogonal matrices containing the left
and right singular vectors, respectively, and X is a diagonal
matrix containing the singular values in descending order.
Truncated SVD retains top-k singular values and corre-
sponding vectors:

Wi = UpSi Vi, ©)
where Uy, X, and Vj, are truncated forms of the original ma-
trices. The hyperparameter k£ determines the retained rank,
controlling preserved essential information in the latent rep-
resentation. Experiments utilized P, the percentage of k rel-
ative to full rank. The results of these experiments are avail-
able in the subsequent analysis section.

Truncated weight matrix W}, updates encoder to fen. The
updated encoder produces augmented representations:
Zaug = fen(x) (3)

where x represents the input tabular data.

SVD-based augmentation creates meaningful augmen-
tations in latent space, focusing on informative aspects
through truncated SVD. Combined with dropout-induced
variety, this enhances the learning of robust, generalizable
representations. SVD is applied to one layer, typically the
last, to manage computational complexity. This approach
has shown the best performance in our experiments (see
the Analysis section). For large-dimensional networks, ran-
domized SVD (Halko, Martinsson, and Tropp 2011) offers
a computationally efficient alternative. We discuss computa-
tional considerations in detail in the Ablation section.

Loss Functions We employ a combination of reconstruc-
tion and contrastive losses to train the model effectively. The
introduction of the reconstruction loss is aimed at modeling
intra-example relationships. Given a batch of data X, the
encoder f.,, and the decoder gqe, the reconstruction loss is
calculated as follows:

. 1 <&
»Crecon = MSE(X, X) = E Z sz - gde(fen(xi))nga (4)
i=1
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Figure 1: An overview of the SSL with our augmentation method, RaTab.

where n is the number of samples in the batch, fen represents
the original encoder, and X denotes the reconstructed output
through gge.

The contrastive loss, implemented using the InfoNCE
loss, encourages the model to capture inter-feature differ-
ences. Given the original representation z and the aug-
mented representation z,,g, the contrastive loss is calculated
as follows:

Lintonce = ContrastiveLoss(p, Paug)
exp(sim(p, Paug)/7)
exp(sim(p, pt)/7T)

1o &)

g 2n
Zt:l,t;ﬁaug
where p = hpi(2), Paug = Dpri(Zaug)s hprj is @ projec-

tion head that maps representations to a lower-dimensional

space, and 7 is a temperature scaling parameter.
The overall loss function is a weighted combination of the
reconstruction and contrastive losses:

£overall = )\ﬂrecon + (1 - )\)ﬂlnfoNCEy (6)

where A is a weighting factor balancing the importance of
the two losses. In our experiments, we set A = 0.5 to give
equal priority to both objectives.

Benefits of RaTab We summarize the benefits of RaTab
as follows.

* Representation-level augmentation: Given the lack of in-
herent relationships in tabular data, applying augmenta-
tions in the representation space — which is more struc-
tured and organized than raw input — will be beneficial.

Preserving essential structures with truncated SVD: Ef-
fective augmentation requires preserving essential struc-
tures in the data. By focusing on the most important di-
rections in the eigenspace through truncated SVD, we
can maintain these critical structures.

Enhancing diversity with dropout: To generate diverse
views, it is important to introduce variability in the aug-
mentation process. The stochastic nature of dropout helps
achieve this diversity effectively.
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Algorithm 1: Self-Supervised learning with RaTab

Input: Dataset D
Parameter: Epochs E, predefined rank k, structure of fen, gae, Pprs
loss weight A
Output: Pre-trained encoder fen
1: Initialize model parameters of fen, gae and Ay
2: for epoch = 1to E do

3:  foreachbatch X C D do

4: 2 4 fen(X)

5: W <« ExtractWeights( fen’s last layer)

6: U,S,V < SVD(W)

7: Wy, < Uy, - diag(SelectTopK (S, k)) - VT

8: Update feq’s last layer weights to Wy,

9: Zaug fen(X)

10: X « gde(2)

11: Lrecon + MSE(X, X)

12: D,y Davg < i (2), hpri (Zaug)

13: Linfonce — ContrastiveLoss(p, Paug)

14: »Clntal — )\Erccon + (1 - )\)»ClnfoNCE

15: Update parameters of fen, gae, and Ay
by minimizing Liotal

16: end for

17: end for

Hybrid loss functions: We optimize both contrastive and
reconstruction losses during SSL to capture inter-feature
and intra-sample dependencies.

Compatibility with any choice of encoder architecture:
RaTab is applied only to the last layer of the encoder net-
work, simplifying integration and ensuring compatibility
with any encoder architecture.

Experiments

In this section, we present extensive experimental results to
demonstrate the efficacy of RaTab. We compare RaTab with
a wide range of SoTA models, including various gradient-
boosted decision trees (GBDTs) and DNNs. All experiments
were performed on a single NVIDIA GeForce RTX 3090.



Experimental Setup

Datasets We evaluate RaTab on 13 diverse datasets from
OpenML (Vanschoren et al. 2014)!, including binary classi-
fication, multiclass classification, and regression tasks. The
datasets range from 1,000 to 98,050 samples and 5 to 93
features, covering both categorical and continuous variables.
This variety enables comprehensive assessment across data
distributions and complexities. Details of these datasets are
in Table 5 (Appendix).

Architecture of Neural Networks For the encoder net-
work fen, We experiment with three types of deep networks:
MLPs (Multi-Layer Perceptrons), FT-Transformer (Gorish-
niy et al. 2021) and T2G-Former (Yan et al. 2023). To opti-
mize the depth and width of f,, for MLPs, we determine the
best configuration based on validation performance in a su-
pervised setup—training only the encoder with a linear head
under a supervised loss, which preserves the unsupervised
nature of our framework. For the FT-Transformer and T2G-
Former, we adhere to the default configurations as specified
in their respective original publications. Regarding the de-
coder gq4e, we consistently use an MLP architecture identical
to the MLP-type encoder network across all experiments.
For the projector hyj, we employ a single-layer MLP. Each
dataset is trained using consistent architecture and optimiza-
tion setups. Detailed information on the architectures is pro-
vided in Appendix.

Hyper-parameters For each network and dataset, we deter-
mine the rank k by selecting the p percentage of the full rank.
The value of p is chosen from a set of predefined percent-
ages: {50%, 60%, 70%}. In other words, we explore using
50%, 60%, or 70% of the full rank of each network to find
the optimal value of k. We then determine the optimal con-
figuration based on validation performance for each down-
stream task. The encoder’s dropout rate was fixed at 0.1 for
all experiments.

Fine-tuning After self-supervised pre-training, both the de-
coder gq. and projector hp are removed, and we refine
the model using labeled datasets for improved task-specific
performance. Fine-tuning unfreezes the encoder for further
training alongside a new classifier, allowing direct adjust-
ment of the encoder’s weights to better adapt to specific
tasks. We used a learning rate of 0.001 for finetuning across
all experiments. We report the average results with 10 times
finetuning with different random seeds. Other hyperparame-
ters are summarized in Section B in Appendix.

Supervised models - Baseline We conducted a comprehen-
sive evaluation of RaTab applied models across two main
baselines. First, we compared the performance of RaTab
against traditional GBDT models such as XGBoost (Chen
and Guestrin 2016), CatBoost (Prokhorenkova et al. 2018),
and LightGBM (Ke et al. 2017). Second, we compared
RaTab applied model against several leading DNNSs, includ-
ing MLP, FT-Transformer (Gorishniy et al. 2021), ResNet,
NODE (Popov, Morozov, and Babenko 2019), TabNet (Arik
and Pfister 2021), DCNv2 (Wang et al. 2021), SAINT
(Somepalli et al. 2021), SCARF (Bahri et al. 2021), and
T2G-former (Yan et al. 2023). To ensure a fair comparison

'See https://www.openml.org for more information.
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and avoid the need for extensive hyperparameter tuning, we
referenced the reported performance from the original pa-
pers. If not provided, we trained the models using default
settings as described in their respective papers or left the en-
tries blank in the comparison table.

Augmentation methods We compared our method with
four different augmentation techniques: masking, shuffling,
and Cut-Mix at the input level, and Contrastive-mix-up in
the latent space (Yoon et al. 2020; Ucar, Hajiramezanali, and
Edwards 2021; Majmundar et al. 2022; Verma et al. 2019;
Darabi et al. 2021). Given a sample z; € R? in dataset D
with d features and a batch size IV, a vector m; of the same
size as x; is randomly generated. Each element in m; is inde-
pendently sampled from a Bernoulli distribution with prob-
ability p,,. Depending on how the values are replaced, the
method can be classified as either Masking or Shuffling:
Masking:

Tig=mMik - Tig+ (1 —myp)- e

Here, 11y, represents the average of each feature k in the train-
ing dataset. In this method, the corrupted feature value is re-
placed with a pre-determined constant value, which is the
average of the respective feature in the training dataset.

Shuffling:

T = mypxipt+(1—mig) e, J€{1,2,...,N}\{i}

Here, j represents the index of another randomly selected
sample from the same batch. In this method, the corrupted
feature value is replaced with the corresponding feature
value from another sample in the same batch.
CutMix:

t=Moza+(1-M)Ozp

Here, M is a binary mask generated to determine the regions
to be mixed from each input sample x4 and x . The mixed
sample Z is directly used for training the model.
Contrastive-mixup:

2=Xza+(1-Nzg

Here, 24 and zp represent the latent representations of
two input samples, and A is drawn from a Beta distribution.
The mixed latent representation 2 is then used for training
the model.

Comparison with Other Augmentation Techniques

We conducted a comprehensive comparison of our proposed
RaTab augmentation strategy with popular input-space and
latent-space augmentation techniques. We used the same
MLP backbone for all augmentation methods. As shown in
Table 1, RaTab demonstrated superior performance across
all tasks and datasets compared to other methods. Among
the other techniques, contrastive mix-up, operating in latent
space, generally outperformed input-space augmentations,
indicating the potential benefits of latent-space augmenta-
tion. Building on this latent-space advantage, RaTab’s con-
sistent outperformance across varied tasks and datasets sug-
gests the effectiveness of its specific approach: rank-based
augmentation in latent space.



Location of Binary Multiclass Regression
A tati Method

ugmentation CH+ ADt BM{ CSt HIt POt GE+ HEfT OTft CPU| DIA] FI | HO |
Masking 0.846 0.843 0.895 0730 0.699 0.878 0.622 0381 0.784 2908 704.664 8734.886 5.047
Input Shuffling 0.847 0759 0.892 0.710 0.706 0.893 0.659 0.384 0.796 2991 764.027 8909.607 3.580
CutMix 0.845 0.852 0.897 0730 0.715 0.889 0.629 0377 0.810 3.063 635.655 8802.745 2.871
Latent Contrastive-mixup  0.853 0.851 0.897 0.700 0.715 0.902 0.668 0368 0.807 2909 570.743 9518.772 2.929
RaTab 0.881 0.865 0.907 0.820 0.722 0.924 0.694 0.388 0.813 2.772 563.975 8451.140 2.763

Table 1: Performance comparison of augmentation techniques. The evaluation metrics for classification and regression are ac-
curacy (1) and mean squared error (), respectively. Bold values indicate the best-performances and underlined values represent

the second-best performances.

Method Binary Multiclass Regression

CHtT ADT BM{t CS1T HItT POt GEfT HEftT OTtT CPUJ DIA | FI| HO |
GBDT models
XGBoost 0.858 0.871 0.813 0.730 0.724 0.876 0.684 0.368 0.808 3.201 856.366  11131.716  3.169
CatBoost 0.855 0.869 0.815 0.760 0.737 0.904 0.729 0.381 0.819 2.607 849.638 9626.546  4.352
LightGBM 0.869 0.868 0.816 0.710 0.731 0.896 0.706 0.368 0.823 2.811 843.905 10622.170 4.519
DNN models
MLP 0.858 0.849 0.792 0.680 0.720 0.906 0.586 0.375 0.804 2.925 868.154  10754.350 3.173
FT-Transformer 0.867 0.859 0.805 0.730 0.731 0.909 0.690 0.391 0.803 2.791 837.665 9567.579  3.124
ResNet 0.858 0.854 0.802 0.720 0.731 0.880 0.681 0.379 0.806 2.869  853.437 10270.991 4.733
NODE 0.859 0.858 - - 0.725 - 0.539 0.353 0.803 - - - 3.216
TabNet 0.850 0.850 - - 0.720 - 0.600 0.379 0.791 - - - 3.252
DCNv2 0.857 0.853 - - 0.722 - 0.557 0.385 0.802 - - - 3.172
T2G-former 0.863 0.862 0.798 0.730 0.734 0.887 0.656 0.391 0.819 2.878 851.951 10121.356 3.138
SAINT 0.885 0.863 0.807 0.737 0.728 0.866 0.694 0.392 0.825 3.069 794.738 19366.582 5.652
SCARF 0.858 0.842 0.878 0.720 0.653 0.830 0485 0.197 0.604 3.266 1091.008 9096.269 4.126
RaTab (on MLP) 0.881 0.865 0.907 0.820 0.722 0.924 0.694 0.384 0.813 2.772  527.028 8451.140 2.763
RaTab (on FT-Transformer) 0.880 0.868 0.911 0.790 0.737 0.898 0.676 0.392 0.805 2.588  498.598 8715.532 2.934
RaTab (on T2G-former) 0.888 0.873 0.912 0.790 0.738 0907 0.753 0.397 0.826 2.489 511.783 7833.063 2.856

Table 2: Comparison with GBDTs and DNNs

. The evaluation metrics for classification and regression are accuracy (1) and

mean squared error (), respectively. The best results are highlighted in bold and underlined values represent the second-best

performances.

Comparison with SOTA GBDTs and DNNs

Based on Table 2, we can observe several key characteristics
when evaluating RaTab against SOTA GBDTs and DNNGs.
Our method consistently outperformed GBDTs across all
datasets, notably achieving significantly higher performance
on BM, CS, and DIA datasets. RaTab also demonstrated
superior performance compared to SOTA DNNs across all
datasets. Furthermore, our experiments with different model
backbones showed competitive results even with simple
MLP structures, while RaTab frequently achieved top per-
formance when paired with the T2G-former backbone, sug-
gesting a strong synergy between our augmentation tech-
nique and this architecture. A more detailed comparison
with additional SoTA methods is provided in the Appendix
for further reference.

Analyses and Ablation Studies

In this section, we conduct a series of ablation studies and in-
depth analyses to uncover the key characteristics of RaTab
and elucidate the reasons behind its impressive performance.
In addition, we explore of alternatives to reduce the SVD
computational load along with their experimental results.
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Figure 2: t-SNE visualizations of encoder representations for
three different augmentations: Shuffling, Contrastive Mix-
up, and RaTab, respectively.

Embedding Analysis

RaTab preserves crucial data structures while enhancing di-
versity through truncated SVD with dropout, aiming for
distinct class separation and diverse intra-class represen-
tations. In order to validate these characteristics, we ana-
lyzed encoder embeddings through t-SNE visualization and
alignment-uniformity metrics. The t-SNE results in Figure 2
demonstrate that RaTab achieves more distinct class differ-
entiation in comparison with input augmentation (Shuffling)
and representation augmentation (Contrastive Mix-up). We
employed alignment-uniformity metrics proposed by Wang
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Figure 4: Test accuracy changes when adding uninformative
features. Added features are sampled from standard Gaus-
sians uncorrelated with the target and with other features.
This experiment was performed on GE data.

and Isola (2020), where lower alignment scores indicate bet-
ter preservation of critical information and lower unifor-
mity scores reflect increased diversity. Our experimental re-
sults in Figure 3 indicate that RaTab consistently reduces
alignment scores while maintaining competitive uniformity
across training epochs. In contrast to alternative methods
that exhibit higher alignment scores or significant fluctu-
ations, RaTab effectively maintains the balance between
inter-class distinctiveness and intra-class diversity while pre-
serving embedding space structure. Additional analyses on
extended datasets are provided in the Appendix E & F.

Robustness to uninformative features

This experiment is designed to assess our model’s ability
to remain robust against independent or task-irrelevant in-
formation while preserving critical features, a key focus of
our methodology’s design. By introducing a large number
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of uninformative features, we aim to simulate the complex-
ity and noise often present in real-world data scenarios. The
experiment was conducted by adding dummy features, in-
dependent of both labels and original features, in a quan-
tity double that of the original features following the method
proposed by Grinsztajn, Oyallon, and Varoquaux (2022). As
shown in Figure 4, RaTab demonstrates superior robustness
to these uninformative features in tabular datasets. RaTab
exhibited a minimal accuracy drop when introducing these
dummy features, compared to other models. This robustness
extends to scenarios where independent or task-irrelevant in-
formation is present, a common occurrence in real-world
data. Such characteristics are valuable in practical applica-
tions where datasets often contain extraneous variables or
unclear feature-target relationships.

Ablation Study on Loss Functions

This section presents the findings from the ablation study
that investigated the individual and combined effects of loss
functions (see Table 3). For classification tasks, models em-
ploying solely contrastive loss generally outperformed those
utilizing just reconstruction loss, particularly in datasets
such as HI and CS. In contrast, models using only re-
construction loss excelled in regression tasks, especially in
datasets like FI and DIA. However, the hybrid model was the
standout performer across all evaluations. This model con-
sistently delivered superior performance across all datasets
and metrics, highlighting the advantage of a synergistic ap-
proach to loss functions. The integration of loss functions
provides a more robust and effective solution across differ-
ent tasks and datasets.

Sensitivity Analysis on Lambda

Throughout this study, we utilized a fixed value for A\ as
0.5. In this ablation study, we investigate the impact of the
parameter A\ in Equation 6 on the performance (with MLP
backbone), as shown in Figure 5. For classification tasks, rel-
ative performance is the ratio of current to best performance,
while for regression tasks, it is the ratio of best to current
performance. Our results show that the models exhibit sub-
tle variations in performance across different A values for
both classification and regression tasks. Classification mod-
els maintain high performance with slight decreases as A
increases, while regression models experienced a slightly
larger performance drop except when A = 0.5, at which
point both classification and regression models achieved op-



Binary Multiclass Regression
L:recon »ClnfoNCE
Ht AD{T BM1 CSt HIT POt GE1T HEtT OTtT CPU| DIA| FI| HO |
v 0.847 0.853 0.899 0.770 0.676 0.865 0.582 0.371 0.790 2.846 741.129 9128.519 3.225
v 0.854 0.856 0.898 0.790 0.718 0.870 0.581 0.371 0.806 2.871 747.455 9177.402 3.250
v v 0.881 0.865 0907 0.820 0.722 0.924 0.694 0.384 0813 2.772 527.028 8451.140 2.763

Table 3: Results of the ablation study investigating the impact of different loss functions on model performance, using an MLP
as the backbone network. We compare the performance of three model variants: contrastive loss only, reconstruction loss only,
and the hybrid model combining both losses. The evaluation metrics for classification and regression are accuracy (1) and mean
squared error (), respectively. Bold values indicate the best-performances, and underlined values represent the second-best

performances.
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Figure 6: Relative performance across different percentage
P values (% of remained rank k).

timal performance. Despite these variations, the overall im-
pact of A on model performance is relatively moderate, indi-
cating that the models are robust to the tuning of this param-
eter.

Sensitivity Analysis on k of the RaTab

This analysis presents the results of our experiment on
RaTab’s performance sensitivity. We conducted tests using
percentage p, which represents the proportion of k retained
relative to the full rank, to observe how it affects the model’s
performance across various datasets. Across most datasets,
performance fluctuations were minimal as we varied P from
60% to 80%, with optimal performance often occurring at
70%. These findings suggest that using approximately 70%
of P in SVD generally provides good model performance.
While we observed subtle dataset-specific variations, these
were generally small. The model’s stability across different
P values indicates adaptability to various datasets.

Ablation Study on Layer-wise Application

We investigate the impact of applying RaTab to different lay-
ers of the MLP model. The experiments were performed on
four datasets (PO, GE, DIA, and HO) using a 3-layer MLP,
as it was the deepest architecture used for training these
datasets, as shown in Section B in Appendix. The results
demonstrate that applying RaTab to the last layer (3rd layer)
consistently yields the best performance across all datasets,
although the performance differences are generally small.
Applying RaTab to multiple layers does not yield further
improvements. This can be attributed to the increased infor-
mation loss when applying SVD to more layers.

11631

RaTab applied layer Classification Regression
POT GE{1 DIA] HO|
Ist layer 0.898 0.667 530.520 2.892
2nd layer 0909 0.672 527.776 2.800
3rd layer 0924 0.694 527.028 2.763
2nd & 3rd layer 0.909 0.657 528.800 2.800
All layers 0.900 0.657 527.390 2917

Table 4: Performance comparison of applying RaTab to dif-
ferent layers in the 3-layer MLP model. The evaluation met-
rics for classification and regression tasks are accuracy (1)
and mean squared error (J), respectively. The best results
for each dataset are highlighted in bold.

Addressing Computational Costs in SVD

Standard SVD has a computational cost of
O(min(mn?,nm?)), for mxn matrices, which can be pro-
hibitive for large weights. To address this, we propose using
randomized SVD (Halko, Martinsson, and Tropp 2011),
which reduces complexity to O(mn log(k) + (m + n)k?),
where k is the number of retained singular values and vec-
tors. Our experiments show that this approach significantly
reduces computation time while maintaining comparable
accuracy. Table 8 in the Appendix demonstrates the
efficiency gains of randomized SVD, particularly for larger
matrices, without compromising performance.

Conclusion

In this paper, we introduce RaTab, a novel representation-
level augmentation strategy. RaTab applies truncated SVD
to the weight of the representation derived from the data,
rather than directly to the input data itself. This approach
effectively captures underlying core structures and com-
plex relationships, addressing the challenges posed by the
heterogeneous nature of tabular data. It also addresses the
challenge in defining what constitutes essential structural
information at the input level. Integrating truncated SVD-
enhanced representations with contrastive learning, recon-
struction techniques, and dropout, RaTab outperforms pre-
vious algorithms for tabular domains across various datasets
and downstream tasks. Our contributions highlight the po-
tential of RaTab in enhancing the performance of deep learn-
ing models on tabular data, paving the way for more robust
and effective data augmentation techniques in this domain.
Although promising, the effectiveness of RaTab in domains
beyond tabular data remains to be validated in future work.
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